Currently, interpretation of health examination reports relies primarily on the physician's own experience. If health screening data could be integrated with outpatient medical records to uncover correlations between disease and abnormal test results, the physician could benefi t from having additional reference resources for medical examination report interpretation and clinic diagnosis. This study used the medical database of a regional hospital in Taiwan to illustrate how association rules can be found between abnormal health examination results and outpatient illnesses. The rules can help to build up a disease-prevention knowledge database that assists healthcare providers in follow-up treatment and prevention. Furthermore, this study proposes a new algorithm, the data cutting and sorting method, or DCSM, in place of the traditional Apriori algorithm. DCSM signifi cantly improves the mining performance of Apriori by reducing the time to scan health examination and outpatient medical records, both of which are databases of immense sizes.
Introduction
Early twentieth-century medical science placed great emphasis on the process and the degree of patients' recovery during treatment. It was not until the late twentieth century that preventive medicine started to receive more attention. In 1965, Leavell and Clark, pioneers in the field, outlined an elaborate set of prevention strategies consisting of three levels and five stages (Leavell & Clark 1965) . In the scheme, they presented the revolutionary idea that primarylevel prevention should focus on health promotion, which strengthens resistance to diseases and helps to avoid health risks. In the twenty-first century, preventive medicine has been gradually gaining prominence. It is formally recognised as one of the three major divisions of medical science, the other two divisions being basic medical science and rehabilitation medicine. In addition to providing early protection against viruses and bacteria, preventive medicine comprises regular health examination and screening tests. In fact, due to government subsidies and hospital initiatives, health examination has become one of the most popular preventive measures.
The popularity of health examination can also be attributed to a new notion of health. In the past, health was tantamount to the 'absence of disease or infirmity', but nowadays the definition has been replaced by the state of overall wellness, which includes 'physical, mental, and social wellbeing' (Hoeger&Hoeger1994). Therefore, health examination used to meet strong resistance because people tended to think only those who were ill had to go to the hospital for physical check-ups. Not until recently did people come to the realisation that regular health examinations are integral to staying healthy. With modern screening technologies, regular medical check-ups can help to detect disease at its early stages when treatment could work more effectively to curb a debilitating condition or to prolong life, as well as avoiding complications and saving on hospital expenses (Chen, HK 2010) .
Patient records are an important asset for medical care institutions. They contain the invaluable information of patients' background, case history, and diagnoses. In the transition from a paper-based to a paperless environment, hospitals have been converting traditional patient records into electronic files. Electronic medical records allow for prompt transmission of patient data between the Bureau of National Insurance and medical care institutions, as well as between medical care institutions themselves. However, the vast amounts of patient data that accumulate over time often grow into extremely large databases. Health examination and outpatient medical records are two cases in point. With databases of such enormous size, it will take a long time to find association rules between them with traditional data mining techniques. This study develops a new and improved algorithm called the data cutting and sorting method, or DCSM, to find correlations between health examination results and diseases, excavate useful data hidden in the databases, organise these data and turn them into knowledge. More significantly, apart from enhancing data mining processes, this study demonstrates that data mining techniques could uncover the relationships between illness and health examination results with high correctness rates. Now that a considerable number of the association rules found in this study have already been corroborated by papers in the medical field, it could only be a matter of time for the rest of the rules to be verified by further research. Restricted to the patient data obtained from one local hospital, this study, though limited in scope, could serve as a model for future studies with larger sample sizes in disclosing more hidden links between illness and health screening results. The association rules thus discovered could serve as reference tools that help healthcare providers to attain the goals of early detection and early treatment of disease.
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Data mining
Data mining is one of the most commonly used research tools in recent years. Many factors contribute to the rise of data mining, such as changes in data storage format, rapid accumulation of voluminous data, and accelerated computational speed of computers (Chuang, Kung & Cheng 2006) . Scholars define data mining with slightly different foci. Some emphasise that data mining is capable of revealing useful information (Berry & Linoff 1995; Chien & Chen 2008 ). Knowledge of patterns or rules in a company's database, for instance, could enable the executives to generate new proposals or make more effective decisions (Keissner 1998) . Other scholars stress the hidden nature of the correlations: what is revealed in data mining tends to be what was previously unknown to the experts (Grupe & Owrang 1995) .
The Apriori algorithm was first presented in 1993 and was later recognised as one of the most popular and most well-developed techniques to mine association rules (Agrawal, Imielinski & Swami 1993; Han, Pei & Yin 2000) . Apriori, however, requires repeated database scans that result in low efficiency (Agrawal & Srikant 1994) . With a view to reducing computation time and enhancing efficiency, many scholars have proposed changes to Apriori's mining processes (Jong, Chen & Yu 1995; Savasere, Omiecinski & Navathe 1995; Brin et al.1997) . Recent advances in data mining techniques have resulted in wider applications in medical research, such as investigations into the causes of cardiovascular disease, lung cancer and cystic fibrosis (Palaniappan & Awang 2008; Yongqian et al. 2007; Gee et al. 2005) . Medical studies using data mining techniques were often restricted to single or a limited number of diseases in the past. This research adds further complexity by involving two different databases to find correlations between multiple diseases and abnormal results in health examination. Once corroborated in the medical literature, the results of this research could help to support the validity of this search method, so much so that it could be applied to larger sample sizes to find more association rules in the future. While the association rules that are already verified could serve as valuable reference guides for health management and health care personnel, those rules that are not yet verified could provide new directions for future research.
Health examination
Preventive medicine is a clinical science that provides a comprehensive healthcare plan with reduced medical costs (Viseltear 1982) . The three levels of prevention delineated by Leavell and Clark are, specifically, primary prevention, secondary prevention, and tertiary prevention (Leavell& Clark 1965) . People should avoid coming into contact with pathogens, and maintain good personal and environmental hygiene at all times, in order to minimise the risk of disease. In addition to these passive preventive measures, active steps could be taken toward health promotion in five aspects: genetic predispositions, social circumstances, environmental conditions, behavioural patterns and medical care (McGinnis, Williams-Russo & Knickman 2002; Chen, CJ 2009 ). To choose the most appropriate approach for personal health management, one needs to have a clear picture of one's physical condition at the outset. Routine health examinations and screenings are instrumental in detecting early signs of illness and in preventing disease before its occurrence.
Two general types of health examination are currently available in Taiwan: one is included in the national health insurance plan; the other is self-paid. When Taiwan's Department of Health implemented the National Health Plan in 1993, preventive medicine and health promotion were included among the top priorities for the very first time. The National Health Insurance program that Taiwan launched in 1995 provides a wide variety of health examinations, such as prenatal examinations, preventive services for children, annual Pap tests for women, and preventive services for adults over 40. Much as the Bureau of National Health Insurance in Taiwan emphasises preventive care, coverage for these medical checkups for children, women, laborers and senior citizens is limited to such basic items as lipid profile, glucose, and liver function tests only. Therefore, aside from these checkups promoted by government policies, high-quality individualised health examination services are made available to self-paid patients who seek more comprehensive preventive medical care. Such self-paid advanced health examination in Taiwan has been documented since it was first held at National Taiwan University Hospital in 1956 (Chen, MF 2007) . Even though these self-paid checkup items are not covered by the national health insurance plan, the medical records are filed together with the outpatient records of the National Health Insurance program, placed under the same name while belonging to different databases. After the self-paid health examination, the results are sent to the patient as well as saved in the hospital's database of health examination records for easy reference in followingup care. Records of outpatient visits, on the other hand, have to be forwarded online to the Bureau of the National Health Insurance for claims purposes as such visits are covered by the insurance plan. Both the basic medical checkups offered by the Bureau of National Health Insurance and the selfpaid advanced health examinations are invaluable sources of information regarding the patient's health. This research hence includes these two types of health examination records and integrates them with outpatient records to search for correlations that might assist in follow-up care after health checkups.
Methodology
This study uses the health examination results and outpatient medical records of a regional hospital in Taiwan as sample data to illustrate association rule mining. In cases in which people forget to bring their health card with them when visiting a doctor, they might end up paying for their own care if they do not file an insurance claim afterwards. To avoid leaving out the self-pay patients, this research collects the outpatient medical records of patients both with and without health insurance. Correlations between abnormal screening results and outpatient illnesses are explored in the empirical data, and high-frequency patterns are identified. The association rules can provide valuable guidance to health care personnel in follow-up treatment and prevention.
Data integration
The sample medical data comprise two parts: health examination results and outpatient medical records. The two databases are integrated into a relational database with each patient's identification number as the primary key. 
Health examination database
The sample datasets used in this empirical study come from the 2007 health examination database of a local hospital in Taiwan. In the sample, no distinction is made in terms of medical department or profession. There is a total of 356,899 items in the original datasets. To explore correlations between abnormal health examination results and outpatient illnesses, this research divides the health checkup results and has them classified as 'normal' or 'abnormal', with 01 standing for test values falling within the normal range, 02 for values below the normal range, and 03 for values above the normal range. Those test results marked with 01 ('normal') are removed, leaving the abnormal items. After the normal items are filtered out, there is a total of 99,850 items left, which are then temporarily deposited in the database of abnormal health examination results. The data format is illustrated in Table 1 , with ID denoting the patient's identification number, and an X affixed in front of the test item number to distinguish them from the disease codes.
Outpatient record database
Considering that illness may take place before and after health examinations, the outpatient records are obtained from the period of 2006/7/1~2008/6/30, that is, half a year before and after the year 2007. There is a total of 122,658 items in the original dataset. After items with 
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Figure 1: Flowchart of data integration processes incomplete data, as well as those of regular dental cleanings and prenatal care, are deleted, 102,142 items remain in the dataset. The data format is shown in Table 2 . The database contains some abnormal data, such as blanks or random numbers. The errors might have been introduced when the records were keyed in, and therefore have to be eliminated in the data integration process to avoid generating further statistical errors. Outpatient medical records in Taiwan contain a five-digit diagnosis code based on the International Classification of Diseases, 9
th Revision Clinical Modification (ICD-9-CM), a classification system adopted by the Bureau of National Health Insurance of Taiwan. This study uses only the first three digits in analysis. The first three digits, ranging from 001 to 999, compose the 'category number' that indicates the category the disease is assigned to. The last two digits are not included in the computation because it would cause support thresholds to be lowered even further and thus risk losing a lot of important information. The first three digits of the ICD-9-CM code are sufficient to meet the needs of this study in exploring correlations between types of disease and abnormalities shown in health examination. More in-depth, follow-up analysis of specific diseases or disease categories awaits further research of medical care professionals.
Integrated database
The patient identification number is used as the primary key to link the health examination and outpatient record databases. Data integration yields 4,243 patient identification numbers, as well as 62,085 items of abnormal health examination results and patient records, all of which form the integrated database. The integrated database, as shown in Table 3 , has two columns. The ID column shows the patient's identification number, while the Item column records abnormal checkup results and diagnosis codes. The data in the Item column are subsequently analysed with data mining techniques to search association rules. With DCSM, the data mining algorithm developed in this research, health management personnel could benefit from the enhanced search speed and efficiency when tackling with massive amounts of data.
Data cutting and sorting method
The object of this study is to investigate correlations between disease and abnormal health examination results by data mining processes. In view of Apriori's time-consuming computational processes, this study proposes DCSM, a new algorithm that significantly enhances Apriori's efficiency by avoiding repeated scans of the complete database. DCSM's calculation procedures are presented sequentially and the additional notations are summarized in Appendix I.
An illustration of the data cutting and sorting method
The following example, as shown in Table 4 , illustrates the deduction procedure via DCSM.
Step 1 Data conversion First, the items are converted into a Boolean matrix, as shown in Table 5 . The right column represents the item number of each record. The bottom row, SP i , is the support count of each item. In general, support indicates the frequency an itemset occurs, with an itemset representing Research an aggregate of items that co-occur with relatively high frequency to form an association. In this study, 'support count' refers to the number of people with a certain item. For example, when there are altogether 5 people (ID 1, 2, 4, 5, 6) having item A, the support count for item A is 5. 'Support' is defined as the percentage of people owning a certain item to the total number of people, that is, support = support count / total number of people. For example, the support for item A is 5 / 6 = 83.33 %.
Step 2: Establish the first large itemsets, L 1
To determine whether an item appears with sufficiently high frequency, a minimum support count could be established to filter out items that appear less often than expected. Items lower than the minimum support count are deleted during the computation process. In this example, with the minimum support count, S min , set at 2, item B is deleted from Table 5 because its support count is less than 2. Unlike the Apriori algorithm, which recursively scans all of the original data, DCSM deletes items with support count lower than the minimum value, and thus is able to save computation time in subsequent scans. Sequentially the remaining items are arranged by support count in descending order, as shown in Table 3 .
Step 3: Establish the first reduction matrix
No pairs exist when the item number of each record is less than 2. Therefore, record 6 is deleted from Table 6 because its item number is 1. Item D, which has the lowest support, is selected to be the conjunctive item. Records 2, 3 and 4, which contain D, are selected to establish a new reduction matrix, as shown in Table 7 . If the support counts are not sorted in Step 2, then item E will be scanned first. With DE likewise forming a pair, as records 2, 3, 4, 5 contain E, a total of 4 records have to be scanned. However, if the support counts are sorted beforehand, then item D will be scanned first. Then the number of records to be scanned will be reduced to 3. This is another way DCSM simplifies and streamlines the data mining processes.
Step 4: Establish the second large itemsets, L 2 All items are preserved for their support counts are not less than S min . Therefore, the second large itemsets, L 2 , are composed of itemsets (D, E), (D, A), (D, C). Step 5: Establish the second reduction matrix, BM 2 Item C, which has the lowest support, is selected to be the second conjunctive item.records2 and 3, which contain C, are selected to establish a new reduction matrix, as shown in Table 8 . Item A is deleted from Table 8 because its support count is less than the minimum support, S min . Therefore, itemset (D, C, E) becomes one element of the third large itemsets, L 3.
Step 6: Search recursively the items of the third large itemsets
The second large itemsets are scanned recursively to look for items of the third large itemsets. In Table 8 , item A is selected in sequence to be the next second conjunctive item after item C has been processed, as shown in Table 9 . The support count of E is not lower than the minimum support. Therefore, itemset (A, D, E) becomes one element of the third large itemsets, L 3 .
Step 7: Return to the first large itemsets After the calculation of item D is completed in Step 3, item E, which is to the left of D, is selected as the next conjunctive item and the first reduction matrix for E is established, as shown in Table 10 . Steps 3-7 are subsequently repeated to search for the second and the third large itemsets centering on E. After the search for E is completed, item C is selected -in accordance with the order established in Table 6 -to initiate new searches for the third large itemsets.
Empirical analysis
In this research, DCSM is applied to the medical records database of a regional hospital in Taiwan to mine association rules between abnormal health screening results and outpatient diseases. The rules could be of tremendous help to healthcare providers in choosing the most appropriate follow-up treatment and preventive measures.
Comparison between DCSM and Apriori
To examine if DCSM indeed has higher efficiency than Apriori, this study scans all of the 62,085 items in the integrated database with nine minimum supports for association rules in the third large itemsets. The calculation results, as shown in Figure 2 Figure 2 , in addition to the calculation time of the two algorithms, the ratio of their calculation time is also listed to show the difference between the two. In terms of calculation performance, when the support is below 20%-10%, DCSM is about 10 times faster than Apriori. The lower the support threshold, the less the data to be deleted, and the more the data that Apriori needs to scan in its iterations. Therefore, when the support threshold is lowered, Apriori requires significantly more calculation time. Conversely, because DCSM has already pruned away unnecessary data in the computational processes, there is little variation in the time it takes to complete a mining task. The smaller the minimum support, the bigger the difference between DCSM's and Apriori's running time. When the support value goes below 2%, there could be as much as a 60-fold difference. Therefore, DCSM is superior to Apriori for mining large databases.
Analysis of association rules
This study conducts a correlation analysis between 62,085 items of health examination results and outpatient medical records belonging to 4,243 patients, with the minimum support set at 4.7% and the minimum confidence at 30%. Due to the large number of rules, the following discussion is confined to the two rules with the highest supports in each disease category. These rules are presented in the tables below: association rules found in the second large itemsets L 2 are shown in Table 11 , while those found in the third large itemsets L 3 are shown in Table 12 . All association rules listed on the two tables are confirmed by doctors in the subject hospital to have strong clinical evidence, and corroborated by numerous publications. Though some of the rules derived from the data have not yet been mentioned or verified elsewhere, the information might potentially have significant implications for future medical research.
Association rules in the second large itemsets
The one-on-one associations between health checkup results and outpatient illnesses found as a result of applying the data mining procedures are listed in Table 11 . An information bank consisting of such one-on-one associations will be Research of immense help to health management staff as reference guides in follow-up care.
To check the validity of the data mining method proposed in this research, the association rules in Table 11 (Wu 2007) . It is also commonly regarded as a sign of pregnancy (Chen, Y 2001) . Rule 7: Rubella IgG abnormalities are reliable correlates of 'inflammatory diseases of cervix, vagina and vulva'. Medical research confirms that a positive result in Rubella IgG suggests a high chance of fetal damage (Wu 2007) . All of the rules listed above are corroborated by the medical literature, which proves that the data mining method of this research is valid, and opens the exciting prospect that, with larger sample sizes, similar approaches could lead to the discovery of more associations to add to our understanding of illness.
Association rules in the third large itemsets
Using data mining techniques, this research also find two-onone associations between abnormal health checkup results and outpatient illnesses, as shown in Table 12 . The association rules listed in Table 12 are compared with the current medical literature and the results are shown as follows. Rule 1: Abnormal levels of both HcT and RBC are strongly associated with disorders classified as 'other symptoms involving abdomen and pelvis'. An investigation of medical literature likewise reveals that abnormal HcT levels and RBC counts tend to coincide with hemorrhage of the digestive tract, gastric cancer and severe anemia (Inatomi 1997; Aoki & Aoki 2006 (Chen, Y 2001; Chen & Lin 2005) , and that abnormal urine appearance may indicate anaemia as well (Wu 2007) . Although most of the association rules derived from the empirical data of this study have been corroborated by the medical literature, some rules are fairly new findings. For example, Rules 2, 4 and 5 in Table 12 have not been adequately supported by research. These results, though unconfirmed as yet, might potentially lead to new discoveries and therefore are kept on file for future reference.
Conclusions
This study develops and applies DCSM to speed up the execution time of Apriori by modifying its mining processes. Research results show that, with a database containing 62,085 items and the minimum support set at 0.02, the computation speed of DCSM is 60 times faster than that of Apriori, thereby proving that DCSM is a highly efficient data mining technique. Moreover, based on the concept of preventive medicine, this research explores correlations between disease and abnormal screening test results using the medical database of a regional hospital in Taiwan. The association rules derived from the sample data can be a useful reference tool that assists medical care providers in achieving the goals of early detection and early treatment of disease. Ultimately, a health management system could be constructed on the basis of the large number of correlations found in expanded samples (Huang & Liao 2011) . Represented in a graphical user interface, the system will help outpatients to attain a better understanding of their health conditions and take early precautions against disease. Finally, the study also discovers some association rules not yet sufficiently verified. They are presented to serve as a frame of reference for further research in the medical field.
